Evidence suggests that novel enzyme functions evolved from low-level promiscuous activities in ancestral enzymes. Yet, the evolutionary dynamics and physiological mechanisms of how such side activities contribute to systemslevel adaptations are poorly understood. Furthermore, it remains untested whether knowledge of an organism's promiscuous reaction set ('underground metabolism') can aid in forecasting the genetic basis of metabolic adaptations. Here, we employ a computational model of underground metabolism and laboratory evolution experiments to examine the role of enzyme promiscuity in the acquisition and optimization of growth on predicted non-native substrates in E. coli K-12 MG1655. After as few as 20 generations, the evolving populations repeatedly acquired the capacity to grow on five predicted novel substrates-D-lyxose, D-2-deoxyribose, D-arabinose, m-tartrate, and monomethyl succinate-none of which could support growth in wild-type cells. Promiscuous enzyme activities played key roles in multiple phases of adaptation. Altered promiscuous activities not only established novel highefficiency pathways, but also suppressed undesirable metabolic routes. Further, structural mutations shifted enzyme substrate turnover rates towards the new substrate while retaining a preference for the primary substrate. Finally, genes underlying the phenotypic innovations were accurately predicted by genome-scale model simulations of metabolism with enzyme promiscuity. Computational approaches will be essential to synthesize the complex role of promiscuous activities in applied biotechnology and in models of evolutionary adaptation.
A second open question in understanding the role of enzyme promiscuity 23 in adaptation concerns our ability to predict the future evolution of broad ge-24 netic and phenotypic changes [13, 14] . There has been an increasing interest 25 in studying empirical fitness landscapes to assess the predictability of evolu-26 tionary routes [15, 16] . However, these approaches assess predictability only 27 in retrospect and there is a need for computational frameworks that forecast Such alternative mutational trajectories may render genetic evolution largely 39 unpredictable. Furthermore, computational approaches can aid in predicting 40 and discovering overlapping physiological functions of enzymes [15, 18] , but 41 these have also yet to be explored in the context of adaptation. In this study, 42 we address these issues by performing controlled laboratory evolution exper-43 iments to adapt E. coli to predicted novel carbon sources and by monitoring 44 the temporal dynamics of adaptive mutations. To test our ability to predict evolutionary adaptation to novel (non-49 native) carbon sources based on our knowledge of underground metabolism, 50 we utilized a comprehensive network reconstruction of underground metabolism [4] .
51
This network reconsruciton was previously shown to correctly predict growth 52 on non-native carbon sources if a given enabling gene was artificially over-53 expressed in a growth screen [4] . By adding the set of underground reactions 54 to the comprehensive metabolic reconstruction for E. coli K-12 MG1655, 55 i JO1366 [19] , we employed the constraint-based modeling framework to iden-56 tify carbon sources where the native E. coli metabolic network was unable 57 to grow, but addition of a single underground reaction predicted growth.
58
Based on this computational procedure, we selected eight carbon sources 59 that cannot be utilized by wild-type E. coli MG1655 (Table S1 ).
60
Next, we initiated laboratory evolution experiments to adapt E. coli to 61 these non-native carbon sources to examine the validity of the computational wild-type) was unable to grow (Fig. 1A) [20]. In the innovation phase, E. coli To analyze the mutations underlying the nutrient utilizations, clones were 87 isolated and sequenced shortly after an innovative growth phenotype was 88 achieved and mutations were identified (see Methods) and analyzed for their 89 associated causality (Fig. 1B, Fig. S1 , Dataset S1). pending on the mutation present (Table S3 ). For example, in the case of and D-lyxose to D-xylulose (side activity) ( Fig. 2A, Fig. S6 ). The ratios of lyzed (innovative and optimized) (Fig. 3D , Table S4 ). However, removal of 264 araB from optimized endpoint strains reduced the growth rate of the strain 265 to the approximate growth rate of the initial innovative strain (Fig. 3D ),
266
suggesting that the proposed araB encoded pathway (Fig. 3C ) was respon- 
Materials and Methods

333
Flux balance analysis and sampling in silico methods utilized in this work 
Declaration of Interests
373
The authors declare no competing interests. Highlighted in red is rbsK associated with small mutation events and in green are genes associated with the large deletion. The aldA gene is highlighted in purple as a more highly expressed gene of interest that was within the large deletion region in the optimized endpoint population. The deleted genes have non-zero expression values in the optimized endpoint population, which can be explained by evidence that a fraction of the population does not contain the deletion (Fig. S9) . B) A flux balance analysis plot showing the effect of flux through the reaction associated with aldA on growth rate. Flux through this reaction is predicted to have a negative effect on growth rate. C) A pathway map highlighting predicted pathways for metabolizing D-2-deoxyribose. Starting with D-2-deoxyribose in the upper left, the first reaction is catalyzed by the enzyme associated with the rbsK gene noted in red as it was a key gene mutated in the initial innovation population. The following reactions in blue are predicted to feed into lower glycolysis and the TCA cycle. The aldA-associated unfavorable underground reaction, converting acetaldehyde to acetate is highlighted in purple and marked with an X to note its deletion in an optimized endpoint population.
